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Abstract
The number of Covid-19 cases is increasing dramatically worldwide. Therefore, the
availability of reliable forecasts for the number of cases in the coming days is of fundamental
importance. We propose a simple statistical method for short-term real-time forecasting of
the number of Covid-19 cases and fatalities in countries that are latecomers – i.e., countries
where cases of the disease started to appear some time after others. In particular, we
propose a penalized (LASSO) regression with an error correction mechanism to construct
a model of a latecomer in terms of the other countries that were at a similar stage of the
pandemic some days before. By tracking the number of cases and deaths in those countries,
we forecast through an adaptive rolling-window scheme the number of cases and deaths in
the latecomer. We apply this methodology to Brazil, and show that (so far) it has been
performing very well. These forecasts aim to foster a better short-run management of the
health system capacity.
1 Introduction
Being able to forecast accurately the number of Covid-19 cases and deaths in the very short-run,
say the next few days or weeks, is crucial to manage properly the health system. Depending on
the next days pressure on the health system capacity, one can make more informed decisions
on how to allocate hospital beds and ventilators, on whether to set more field hospitals, on
whether to train more health workers, and so on and so forth.
In this note, we propose a statistical method to forecast in real-time the very short-run
evolution of the number of Covid-19 cases and deaths in countries that are latecomers. Given
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that these latecomers were hit by the Covid-19 pandemic only after several other countries,
we can use information from these other countries when they were at a similar stage of the
pandemic, a few days or weeks before. In particular, we propose a penalized LASSO regression
(Tibshirani, 1996) to construct an error correction model (ECM) of a latecomer in terms of the
other countries. By tracking the number of cases and deaths in those countries, we can forecast
the short-run number of cases and deaths in the latecomer. As the pandemic evolves, one can
run the model on a daily basis, and in a adaptive rolling window scheme, to obtain updated
forecasts for the next days.
The rolling window (adaptive) scheme is important to acknowledge the dynamic nature
of the pandemic and to attenuate the effects of outliers and potential structural breaks (due
to, for example, more or less testing after a given period or changes in the relations between
countries used as explanatory variables and the latecomer). Nonetheless, it is important to
emphasize that despite this attenuation, one might expect a worsen of the forecasts a few
days after a structural break as the model adapts. Hence, and needless to say, the use of the
proposed forecasting method should be complemented with evaluations on how the pandemic
is evolving.1
We apply the methodology to Brazil, and show that (so far) it has been performing very
well in forecasting the out-of-sample number of cases and deaths up to the next 11 days, albeit
our model and data allows us to forecast up to 14 days ahead.2 In Brazil, the number of cases
used correspond to those that are detected by the health system, which is the proper measure
to track if the concern is to evaluate the impact on its capacity.
Tracking the evolution of the Covid-19 has been posing several challenges. The proposed
method overcomes some of them. First, standard epidemiological models used to track the evo-
lution of an epidemic are hard to discipline quantitatively to a new disease. Despite the enor-
mous effort worldwide to understand transmission, recovery and death rates, many parameters
one needs to calibrate remain uncertain (Atkeson, 2020), and behavioral responses of individuals
as well as containment policies should affect these parameters (Eichenbaum, Rebelo, and Trabandt,
2020).3 The proposed forecasting method, instead, has the advantage of being model-free, and
makes projections based solely on available data.
Second, even if possible to discipline those epidemiological models reliably, they speak to
the evolution of the infected population. From the perspective of managing health resources,
the relevant figure is the number infected individuals that end up pressuring the health system.
1In the case of Brazil and other less developed countries, for example, the proposed method might not
anticipate the acceleration in cases and fatalities after the Covid-19 reaches areas with high urban density that
lack proper sanitation. But as the model adapts, we expect to get more reliable forecasts under this new stage
of the pandemic’s evolution.
2So far, due to the short span of the data, we have been able to validate the forecasts of the model for only
11 days. We hope the model remains performing well in predicting the number of cases and deaths for 14 days
ahead.
3Epidemiologists and researchers from other fields rushed to improve those models and provide
simulations on the spread of the disease, some of them taking into account counteracting policy
and/or behavioral responses. A very incomplete list includes Berger, Herkenhoff, and Mongey (2020),
Kucharski, Russell, Diamond, Liu, Edmunds, Funk, Eggo, et al. (2020), Walker, Whittaker, Watson, et al.
(2020) and Wu, Leung, and Leung (2020). For an application to Brazil, see Bastos and Cajueiro (2020).
2
Note that a lot of individuals who end up being infected are asymptomatic or do not need to
access the health system. Hence, the evolution of the virus among the sub-population that
actually needs health care, which possesses certain characteristics that differ from the rest of
the population, might be different from the evolution in the whole population. The proposed
method avoid this problem by forecasting directly the number of infected individuals who are
detected by the health system or specific parts of it that are of interest to be monitored, e.g.,
specific regions within a country.
Finally, alternative methods to track the evolution of the Covid-19, and forecast the pressure
on health resources, such as massive testing, are expensive and unavailable to many countries.
The methodology and our codes are immediately and cheaply reproducible to any latecomer
that tracks the number of Covid-19 cases (and deaths).4
The aforementioned challenges are even harder to overcome in poor and developing coun-
tries, mostly latecomers, due to the lack of high-quality research, reliable data and limited
budget. By tracking the very short-run evolution of the number of Covid-19 cases (and deaths)
in real-time, we hope that this methodology can be useful to inform policymakers and the
general public. In the authors’ point of view, an adaptive and accurate data-driven forecast
is critical to foster better management of the health system, especially in those countries that
lack proper resources.
This note is organized as follows. Section 2 presents the methodology. Section 3 applies it
to Brazil. Finally, Section 4 concludes.
2 Methodology
Let τ = 1, 2, . . . , T , represents the number of days after the 100th confirmed case of Covid-19
in a given country/region. Define yτ as the natural logarithm of the number of confirmed cases
τ days after the 100th case of the disease in this specific country/region. In addition, let xτ
be a vector containing the logarithm of the number of reported cases for p other countries also
τ days after the 100th case has been reported. The idea is that, in the regular time scale, xτ
may be ahead of time of yτ . For example, in France and Spain, the 100th was reported on
February 29 and March 2, respectively. On the other hand, in Brazil, a latecomer, the 100th
case was confirmed only on March 14. Hence, the idea is to use, for instance, data from France
on February 29 and Spain on March 2 to explain the number of cases in Brazil on March 14.
The statistical approach considered in this paper is an error correction model (ECM) which
maps xτ into yτ as:
∆yτ = ∆x
′
τpi + γ
(
yτ−1 − x
′
τ−1β
)
+ uτ , (2.1)
where uτ is zero-mean random noise with variance σ
2, ∆yτ = yτ − yτ−1, ∆xτ = xτ −xτ−1, and
pi, γ, and β are unknown parameters to be estimated. The idea of the ECM is to model the
4We aim to start posting soon on a daily basis updated forecasts, methodology updates, and codes. The
domain is https://covid19analytics.com.br/, and one can check there for updates. In the meantime, codes are
available upon request.
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dynamics and the reactions to departs from the equilibrium between yτ and xτ . As can be seen
in Figure 1(a), the number of cases in τ -scale in different countries display a strong common
exponential trend. The logarithm transformation is important to turn the exponential trend
into a linear one.
The model is estimated in two steps. In the first step, we estimate β in a long-run equilib-
rium model:
yτ = x
′
τβ + ετ . (2.2)
Due to the limited amount of data and the large dimension of xt as compared to the sample
size, we use the least absolute and shrinkage operator (LASSO) to recover the parameter vector.
The goal of the LASSO is to balance the trade-off between bias and variance and is a useful
tool to select the relevant peers in an environment with very few data points. Therefore, the
estimator of the unknown parameter βT in equation (2.2) is defined as:
β̂T = arg min
β
[
1
K
T∑
τ=T −K+1
(yτ − x
′
τβ)
2
+ λ
p∑
j=1
|βj|
]
, (2.3)
where K is the number of days in the estimation window, and λ > 0 is the penalty parameter
which is selected by the Bayesian Information Criterion; see Medeiros and Mendes (2016).
Theoretical justification for the use of LASSO to estimate the parameters in this setup with
trends can be found in Masini and Medeiros (2019).
Once we estimated equation (2.2), we proceed to a second step estimating the ECM by
Ordinary Least Squares with the variables selected in the first step with the LASSO. The final
prediction reads as:
ŷτ+h = ∆x
′
τ+hp̂iT − γ̂T x
′
τ+h−1β̂T + (1 + γ̂T ) ŷτ+h−1, (2.4)
where ŷτ+h−1 is the forecast for the previous day. Confidence intervals were obtained through
simulation by assuming that the error term uτ in (2.1) is normally distributed.
Finally, our interest relies on the forecasts for number of cases in levels not in logs: Yτ :=
exp(yτ ). Therefore, for the horizon T + h, the forecasts are constructed as:
ŶT +h = α̂T e
ŷt+h, (2.5)
where α̂T =
1
K
∑T
τ=T −K+1 exp(ûτ) :=
1
K
∑T
τ=T −K+1 exp (yτ − ŷτ ) is a correction which is essen-
tial to attenuate the induced bias when we take the exponential of the forecasted value of yT+h.
Note that, in the τ -scale, the peers are “in the future” and we can plug-in actual values of xT +h
to construct our forecasts. Note also that a rolling estimation window of K = 21 days induce an
adaptive forecasting framework suitable to capture the dynamic nature of the pandemic and to
attenuate the effects of outliers and potential structural breaks. Finally, in order to give more
weight to the newest observations, we inflated the data by repeating the last four observations
where the last observation is repeated four times with a linear decay for the observations before.
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3 Results: The Case of Brazil
In this section analyze the Brazilian case. We used the John Hopkins compiled data5 of all
countries with Covid-19 cases and the Brazilian Ministry of Health official data.6
Figure 1 illustrates the methodology. In Figure 1(a), we plot the evolution of the total
number of reported cases after the 100th case for some countries that the methodology chose
to represent Brazil,7 along with the series for Brazil and the 14-days ahead forecast for the
total number of reported cases (full black line after the vertical dashed-line). The shadow area
represents the 95 percent confidence interval, and dots represent the observed values. 1(b)
shows the same exercise for the growth rate of reported cases. Squared-line represents actual
figures, whereas the full line and the shadow are the forecasts and the 95 percent confidence
interval. The model predicts a rate of approximately 10% new cases per day, which has been
corroborated by the recent observations. Finally, Figure 1(c) shows the adaptability of our
forecasting method to new income data. This figure depicts three different curves, each of
which forecasting the next 14 days in Brazil at a different point in time.
It is worth emphasizing that this model is only an local approximation of a more complex
and dynamic process. Therefore, its best use relies on fresh and updated data, and the rolling
window scheme takes care of that. Although, so far, the model has been providing reasonable
adherence to predicted confidence intervals, the change of the slopes of the forecast warns that
the model needs to be fed with a few observations more after a big change in the dynamics.
Thus, the use of the proposed forecasting method should be complemented with indexes, such
as proxies for social distancing, to guide evaluation of the future dynamics affecting the number
of cases and deaths. This is part of our ongoing research on how the pandemic’s dynamics is
evolving.
Figure 2 reports the most recent forecasts for both cases (first column) and deaths (second
column), along with 95 percent confidence intervals (shadow area). On the first row, the
forecast for the cumulative number of cases is depicted, whereas in the second and third rows
we present the forecasts for the number of new cases and rate of growth (in percentage) per
day. For instance, based on the forecast of new cases on a daily basis, we hope to promote more
informed decisions on how to allocate scarce health resources, such as hospital beds, ventilators,
and so on. Importantly, the methodology and codes are easily and readily adaptable to other
contexts, such as the number of cases in another latecomer or any specific case (e.g., cases that
need intensive care) health authorities might be interest on. In the Appendix A (Additional
Results), Table 2 presents the data related to Figure 2.
The first and second panels in Table 1 present the output of the rolling window scheme
of forecasts for the last eleven days (columns 3-14) of accumulated reported cases and deaths,
respectively. Column 1 reports the forecasting date, and column 2 reports observed data on
cases and fatalities up to date (11 observations).
5John Hopkins data available at https://github.com/CSSEGISandData/COVID-19
6Brazilian Ministry of Health data available at https://covid.saude.gov.br/
7The selected countries were Iran, Italy, Japan, South Korea and Singapore.
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(a) Total number of reported cases compared to other countries. Forecast on April,
5th of 2020 (vertical dotted line).
(b) Forecast of the daily growth rate (percentage) on April, 5th of 2020
(vertical dotted line)
(c) Forecasts Made on Different Days (April 5th, 10th, and 15th of 2020).
Figure 1: Actual and forecasted number of confirmed cases and deaths.6
Figure 2: Most recent forecasts (cumulative value, new cases and growth rate) for number of
cases and deaths.
Figure 3: Mean absolute percentage error per forecasting horizon (cases and deaths).
Consider, first, the number of cases (top panel). By comparing with observed data, a total
mean absolute percentage error of 6.8% is found, with worst case value reaching 22.3%. Now
consider accumulated forecasts of the number of fatalities (bottom panel). The total mean
absolute percentage error is 10.7%, with a worst case value of 30.1%, somewhat larger figures
than those for the number of cases. These statistics reveal two features of the model. It has
been performing very well on average. Also, although the model might generate large errors, it
is flexible enough to adjust and revise the forecasts to incoming data. Indeed, Figure 3 reports
mean absolute percentage errors per forecasting horizon for both number of cases (blue bars)
and deaths (red bars), and note that larger errors are concentrated at longer horizons.
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14-day ahead forecast (total reported cases) per day
Date Observed 2020-04-04 2020-04-05 2020-04-06 2020-04-07 2020-04-08 2020-04-09 2020-04-10 2020-04-11 2020-04-12 2020-04-13 2020-04-14 2020-04-14
2020-04-05 11130 11617
2020-04-06 12056 13057 12571
2020-04-07 13717 14561 13894 13441
2020-04-08 15927 16361 15635 14987 15127
2020-04-09 17857 18334 17265 16653 16831 17366
2020-04-10 19638 20446 19084 18483 18691 19143 19528
2020-04-11 20727 22996 21491 20689 20923 21546 21879 21933
2020-04-12 22169 25528 23547 22833 23173 23639 23970 24049 22912
2020-04-13 23430 28091 25783 25152 25547 25808 25962 26209 24774 23846
2020-04-14 25262 30887 28391 27663 28095 28304 28159 28631 26708 25442 25073
2020-04-15 34109 31443 30462 30929 31253 30824 31571 29104 27698 27361 27338
2020-04-16 37448 34274 33325 33929 34075 33431 34396 31291 29561 28979 28906 29413
2020-04-17 40928 37479 36305 36977 37201 36179 37436 33647 31684 30915 30922 31481
2020-04-18 44637 40867 39389 40166 40617 39268 40767 36050 33900 32980 33130 33817
2020-04-19 45108 42906 43780 45064 43348 45090 38928 37223 36042 36277 37629
2020-04-20 45992 47135 48610 46807 48672 41172 39342 37634 38250 39120
2020-04-21 50541 52776 50643 52760 43830 41887 40070 41213 42579
2020-04-22 57930 55574 57901 46983 45221 43373 44937 47056
2020-04-23 63835 66461 51867 51463 49500 52022 55979
2020-04-24 74121 55969 56189 53487 56922 60936
2020-04-25 59687 60247 57010 61629 66006
2020-04-26 66040 61977 67200 72863
2020-04-27 68261 76023 83839
2020-04-28 83601 92736
2020-04-29 105273
14-day ahead forecast (total reported deaths) per day
Date Observed 2020-04-04 2020-04-05 2020-04-06 2020-04-07 2020-04-08 2020-04-09 2020-04-10 2020-04-11 2020-04-12 2020-04-13 2020-04-14 2020-04-15
2020-04-05 486 500
2020-04-06 553 584 577
2020-04-07 667 674 666 642
2020-04-08 800 786 788 752 773
2020-04-09 941 914 908 877 907 917
2020-04-10 1056 1055 1048 1021 1061 1053 1067
2020-04-11 1124 1232 1242 1203 1257 1245 1248 1228
2020-04-12 1223 1414 1416 1389 1465 1420 1415 1386 1283
2020-04-13 1328 1605 1612 1599 1696 1608 1579 1553 1418 1347
2020-04-14 1532 1819 1850 1836 1956 1833 1766 1746 1561 1463 1435
2020-04-15 2073 2141 2113 2259 2109 2000 1987 1743 1630 1601 1688
2020-04-16 2345 2422 2408 2595 2384 2236 2225 1912 1771 1721 1832 1856
2020-04-17 2637 2752 2727 2952 2700 2493 2488 2098 1934 1866 2021 2046
2020-04-18 2957 3115 3071 3342 3058 2791 2785 2291 2108 2024 2236 2269
2020-04-19 3587 3478 3803 3544 3198 3182 2528 2375 2263 2553 2646
2020-04-20 3848 4248 3945 3554 3520 2716 2548 2389 2758 2798
2020-04-21 4716 4433 3961 3916 2942 2760 2584 3076 3161
2020-04-22 5059 4501 4429 3215 3043 2854 3490 3650
2020-04-23 5447 5314 3649 3587 3369 4323 4686
2020-04-24 6138 4022 4012 3713 4931 5295
2020-04-25 4366 4384 4022 5538 5940
2020-04-26 4928 4466 6285 6848
2020-04-27 5042 7527 8381
2020-04-28 8648 9691
2020-04-29 11631
Table 1: Actual and forecasted number of reported cases and deaths.
4 Conclusion
In this paper, we propose a statistical model to forecast in the very short-run the reported
number of cases and deaths by the Covid-19 in countries/regions that are latecomers. We be-
lieve this is a useful tool to inform health management. Nonetheless, structural breaks might
worsen forecasts a few days after such breaks. So the use of this tool should complemented
with other external information, such as proxies for social distancing, to guide subjective or
objective assessments on potential dynamic changes on the pandemic’s evolution. We hope
to keep improving the model by improving the methodology and incorporating more infor-
mation. And we aim to keep forecasts, methodology and codes updated on a daily basis at
https://covid19analytics.com.br/.
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A Additional Results
Reported cases (observed / forecast) Reported deaths (observed / forecast)
Date Total New Growth rate Total New Growth rate
2020-04-05 11130 486
2020-04-06 12056 926 7.7% 553 67 12.1%
2020-04-07 13717 1661 12.1% 667 114 17.1%
2020-04-08 15927 2210 13.9% 800 133 16.6%
2020-04-09 17857 1930 10.8% 941 141 15.0%
2020-04-10 19638 1781 9.1% 1056 115 10.9%
2020-04-11 20727 1089 5.3% 1124 68 6.0%
2020-04-12 22169 1442 6.5% 1223 99 8.1%
2020-04-13 23430 1261 5.4% 1328 105 7.9%
2020-04-14 25262 1832 7.3% 1532 204 13.3%
2020-04-15 28320 3058 10.8% 1736 204 11.8%
2020-04-16 29413 1093 3.7% 1856 120 6.5%
2020-04-17 31481 2068 6.6% 2046 190 9.3%
2020-04-18 33817 2336 6.9% 2269 223 9.8%
2020-04-19 37629 3812 10.1% 2646 377 14.2%
2020-04-20 39120 1491 3.8% 2798 152 5.4%
2020-04-21 42579 3459 8.1% 3161 363 11.5%
2020-04-22 47056 4477 9.5% 3650 489 13.4%
2020-04-23 55979 8923 15.9% 4686 1036 22.1%
2020-04-24 60936 4957 8.1% 5295 609 11.5%
2020-04-25 66006 5070 7.7% 5940 645 10.9%
2020-04-26 72863 6857 9.4% 6848 908 13.3%
2020-04-27 83839 10976 13.1% 8381 1533 18.3%
2020-04-28 92736 8897 9.6% 9691 1310 13.5%
2020-04-29 105273 12537 11.9% 11631 1940 16.7%
CI(95%) on 29 [-13132 / +14882] [-3579 / +4237] [-3.8% / +4.5%] [-2030 / +2438] [-588 / +759] [-6% / +7.8%]
Table 2: Additional Results – Actual (until April, 15th) and forecasted (April, 16th to 29th)
number of reported cases and deaths. Last line presents the 95% confidence interval for the
last day (2000-04-29) in terms of deviations (below and above) from the forecasted value.
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